Education is increasingly using Intelligent Tutoring Systems (ITS), both for modelling instructional and teaching strategies and for enhancing educational programs. The first part of the paper introduces the basic structure of an ITS as well as common problems being experienced within the ITS community. The second part describes WITNeSS -an original hybrid intelligent system using Fuzzy-Neural-GA techniques for optimising the presentation of learning material to a student. The original work in this paper is related to the concept of a "virtual student". This student model, modelled using fuzzy technologies, will be useful for any ITS, providing it with an optimal learning strategy for fitting the ITS itself to the unique needs of each individual student. In the third part, experiments focus on problems developing a "virtual student" model, which simulates, in a rudimentary way, human learning behaviour. Part four finishes with concluding remarks.
INTRODUCTION
There would seem to be many students who really want to learn, who have a huge appetite to learn, but who constantly struggle with their work. They just have not been prepared to be independent learners who can think and solve problems. A recent but promising area of applying IHS (Intelligent Hybrid Systems) is focused on intelligent tutoring systems. These intelligent tutoring systems, based on Intelligent Hybrid Systems, are becoming a highly effective approach to developing computer teaching systems. They model instructional and teaching strategies, enhancing educational programs, enabling them to decide on "what" to teach students, "when" to teach it and "how" to present it. A "stand alone" intelligent (IHS based) tutoring component is added to the usual learning environment, to support the work done by lecturers in teaching their students Pritchard, 2003a,2003b ).
ITS as an application of IHS
Human society is evolving -changing at a faster and faster rate. These changes are having a major influence on every aspect of global social-economic development, including education, business commerce and industry. One of these changes is the growing influence of the latest advances in information technology and computer science in developing better learning systems. One of the ultimate achievements of this trend would be the develop-ment of an IHS based learning system primarily designed to help any student become a better learner. These artificial learning systems would challenge students to work with and improve on one of the most important factors in any learning situationthemselves.
Although IHS and its CI/AI techniques form the main field of knowledge involved in the development of the learning system, other disciplines are also closely associated, such as psychology, humancomputer interface technologies, knowledge representation, databases, system analysis and design and not least, advanced computer programming technologies.
At present, many electronic learning systems would have the student change to fit the system, but what is really required is for the actual learning system to fit itself to the student' s unique needs. So the system must be able to change itself to suit the student, which means a high level of adaptability must be displayed. The key role in accomplishing this degree of adaptability will be played by IHS technologies.
To achieve the highly desired learning strategy of fitting "itself to the student' s unique needs", the system must perform the following tasks:
• Present the student with any content or skill set they wish to learn, in a way that suits their particular, personal, individual learning style and psychological features. This crucial task will be achieved by researching and developing techniques for learning and exploiting a student's individual psychological characteristics and learning style preferences. When this has been achieved, what will be delivered will be the right content to the right user in the right form at the right time (Smyth, 2003) . • Advise the student, when requested, on how to best learn the content or skills and help them work out a suitable study schedule to handle the content.
• The system will work with the student in monitoring the learning schedule. The monitoring of a student's learning schedule would take into account the activities of other students and tutors. Different hybrid agents must be developed to support the integration of the student's activities with those of others. This hybrid intelligent multi-agent technology would detect possible conflicts and give advice, synchronously and asynchronously, to the students and tutors based on their activities and requests (Chen, 2003) .
• An intelligent interactive analysis on what the student is doing and real-time diagnostic help will be provided when needed. This help would take the form of teacher input, source materials from a variety of sources, including online, and even other students who have the knowledge and good-will to help.
• By individual student request, an intelligent content-schedule analysis would be performed. The system would analyse how a particular content area fits in with the student's global schedule and advise the student how it could be learnt.
• The task of monitoring the learning process is a multi-component task, which may require some input from a student's tutor. Therefore the system must be able to produce a regular or emergency report to the tutor. The report would completely cover all the dynamic aspects of the student's learning. For example the report would detail what help the student asked for, a complete log of the students home work exercises and much more.
Most of the Intelligent Tutoring Systems (Ohlsson, 1987; Wenger, 1987) )are actually implemented in the form of web-based computing systems for distance learning. This kind of web-based distance education is characterised by some natural limitations such as: student's feeling of isolation; the difficulty of a personalised learning addressing the individual needs of each student; the high cost in instructor's communicating with students. Because of the personalised learning that an ITS system would offer, not only the requirement of providing relevant information to the right student, at the right time and pace, would be meet, but also there would be the potential for collaboration between peers as well as tutors and parents. Not only the timely presentation of learning content and teaching methodologies used by a web-based ITS but also encouragement of collaborative communication between users of the system will enhance the student's learning experience. Groups of similar users could be identified based on behaviour and some form of rating criteria (O'Riodan and Griffith, 2003) an approach that combines information retrieval methods and collaborative filter techniques was used to generate personalised recommendations, both on course content and on peer-peer groupings. WITNeSS shares the same purpose of design as most web-based ITS, focusing on what the system can do for the student. The primarily aim of WITNeSS and other webbased ITS is to support the student. But some recent research has focussed on extending the functionality of ITS even further -suggesting that such systems could recommend to instructors how to manage the distance learning courses more effectively (Kosba, 2003) . A Teacher Advisor framework was developed relying on a fuzzy methodology to extract student, group and class models. These models were extracted from the tracking information generated by the Web Course Management Systems -a platform commonly adopted in many educational institutions. These models generate the needed advice for course instructors and facilitators, so that teachers in turn can provide more effective guidance in helping to diminish a student's feeling of isolation.
The main aim of an ITS is to provide multi-functioning so that both students and teachers can be advised. To achieve this the problem of developing appropriate models needs to be addressed. But one characteristic shared by all the users the ITS is trying to help, is a high degree of uncertainty. People are different and just when you think you have them worked out they do something different. Therefore it would seem that the most suitable modelling strategy for achieving the desired functionality -for example, either assessment or pedagogical functions -would be a Fuzzy System. The student model for student diagnosis used by WITNeSS was also built with the idea that a student model must be a compulsory component in the structure of any ITS. In both the Teacher Advisor framework and Student Advisor framework, fuzzy modelling techniques are required to achieve the desired functionality in an ITS.
1.2
The basic structure of an ITS An ITS can assess a student's mastery of a subject; match this against a knowledge database of learning content and a database of teaching strategies. Through the dynamic, creative collaboration between the program's components and the student, a variety of interactive tutorial experiences can be provided for the student (Self,1999) .
The main ITS components (given in Figure 1 , (McTaggart, 2001) ) are:
• The expert model -using expert systems and semantic networks -the expert's knowledge is captured and organised into a database of declarative and procedural knowledge (Orey and Nelson, 1993) . • The student model -guides students through the system's knowledge base. It stores data about the student's learnt knowledge and behaviour as a result of interacting with the ITS, providing the instructional model with information that enables it to make "what"/"how" decisions. • The instruction model (Buiu, 1999) -makes "what"/"how" decisions on presenting learning activities to the student. It holds knowledge about tutoring tactics, based on an ever-adjusting student profile. • The interface model -this human-computer interface is the student's window to the "mind" of the ITS.
• All ITS components interact to provide the student with a face-to-face encounter with the knowledge of a subject domain. This interaction results in a student being able to assimilate new knowledge into his current mental schemata.
Problems within the field of ITSs.
Some of the main problems within the field of ITSs are as follows:
• Tractability and complexity problem -the complexity of the algorithms involved and the computations needed to be made, lead to an intractability that artificial intelligence, decision theory and Bayesian probability theories, has neglected (McTaggart, 2001 ).
• Scalability problem -a reduced number of constraints included in the knowledge database and/or actions that the system may want available may result in difficult sizing to different problem domains.
• Lack of reusable components in ITSsstandards of knowledge representation desirable for teaching are lacking and also tools for constructing such programs are not generally available (El-Sheikh and Stricklen, 1998).
• Lack of natural language capability in ITSs -the natural languages required to suitably connect an ITS with mental schemata are not available.
• Not meeting all aspects of learning -the social aspect of learning support must be somehow included within ITSs (McTaggart, 2001; Jonassen and Grabinger, 1990 ).
• Perceived weakness in the expert-centric and efficiency-centric approaches to the student model component (Mayo et al, 2000) . • Compression of variables within the datacentric approach to the student model -see more in (Mayo et al, 2000) , and (Mayo and Mitrovic, 2001 ).
• High cost of time consuming design process -as ITSs are becoming more popular and increasingly effective, they are also becoming more difficult and expensive to develop.
MAIN ITS FEATURES OF WITNeSS
One of the features of recent ITSs is a Bayesian network student model. There are three approaches: Expert-centric, Efficiency-centric and Data-centric (Mayo and Mitrovic, 2001 ).
The expert-centric approach is similar to expert systems. The complete structure and conditional probabilities are determined, directly or indirectly, by the domain expert. Every effort is made to "fit" the student model to the problem domain. The Efficiency-centric approach is the exact opposite: the student model is restricted or limited in some way and the problem domain is made to "fit" the resulting student model. The weaknesses in both of these methods are deeply described in (Mayo et al, 2000) , where Data-centric approach is preferred. The CAPIT model is created from observational data, so the model's predictive ability can be easily measured by testing the NN (neural network) on data that was not used to train it; only observable data is used, so the student models are smaller.
Intelligent Technologies either standalone or by hybridisation remove the lacks of classical ITS. Fuzzy Systems are removing the tractability/complexity problem, also they offer the possibility of connecting an ITS with mental schemata through natural language. Integrated NNs based learning environments are providing ITS agents that instruct and learn along with a student and his/her fellow (agents) pupils, helping to include even the social context of learning in the system. Bayesian Networks are used to reason in a principled manner about multiple pieces of evidence.
WITNeSS 
EXPERIMENTAL RESULTS

The reason for the "Virtual" Student Model
The idea is to create a "Virtual" Student Modela representation of the long and short term learning characteristics of a human student using the system. This model simulates the learning and forgetting that occurs when a human learning
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Figure 2 The functional components of the WITNeSS system attempts to acquire knowledge. The system could then use this model to try out, in the background, various teaching strategies in an effort to best decide "what" to teach next and "how" to present it to the human student. The importance of the "best what and how" at each moment of learning is because this would represent the most efficient optimisation of the system for that particular student. It would enable the student to learn the knowledge content in the smallest possible time, with the highest possible quality of learning.
3.2
The aim of the experiment Figure 3 The functional components of the WITNeSS system (note the numbers in the brackets on the flow arrows refer to the description box of thr same number).
task and that these curves would accurately estimate the learning of similar human learners. We hoped to achieve something like the three learning curves shown in Figure 4 .
The methodology
Sixty "Virtual" Student models were created and tested -twenty of each classification -above average, average and below average. When calling a java method called "main" -"main" created an agent called the experimenter. (see Figure 5a) .
It was the responsibility of the "experimenter" agent to run the experiment. This agent created the sixty "virtual" student models and tested them (see Figure 5b ).
Once the "experimenter" created a "virtual" student model, it tested it in the following way, as shown in Figure 6 . Once the "experimenter" has finished sixty report files were generated on the learning performance of each "virtual" student model that the "experimenter" created. Each file contains the performance details that can be used to create a learning curve for that "virtual" student model.
The ITS now has performance information on 20 above average "virtual" student models, 20 average "virtual" student models and 20 below average "virtual" student models. Using each set of 20 curves we calculated an average curve for each of the three classifications.
The graph in Figure 7 shows the three learning curves representing the result of the experiment. This experiment was then repeated five times for validation.
Results
The following graph (shown in Figure 7) represents the results of the experiment. It shows the results of run number 1. It must be stated from the beginning that the "virtual" student model is very rudimentary and is not, at the moment, based on any complex educational theory. The idea was to keep this model very simple and only have it be a rough but suitable approximation of the learning and forgetting that would take place in real life (Negoita et al 2004) .
The "virtual" student models tested in this experiment are designed to be a crucial part of a complete intelligent learning system. In this system the "virtual" student model will be used to approximate the learning behaviour of a real student using the system. The student model would be part of system called the "optimiser" which is always, in the background, trying out different teaching strategies in order to come up with the best one. No matter where the human student is in their course of study, the "optimiser" would determine the best sequence of learning to take the student from where they are currently, to the end of the course, in the shortest possible time and with the highest possible quality of learning. The system would trying always to modified itself to best suit the student's learning needs.
The idea was to keep the "virtual" student model simple so that other aspects of the system could be worked out. Only then would the "virtual" student model be modified based on the latest learning and teaching theory. When the "virtual" student model is created, it is initialised with variables learning capability, general interest in learning and interest in Mathematics. These represent relatively long term learning influences of the student.
Using these values as linguistic input variables to a fuzzy rule structure a factor called longTermLearn is calculated.
After the first request by the "experimenter" to the "virtual student" to learn, it always follows with a random number of requests to the "virtual student" to forget. This simulates the situation that learning activity on a topic doesn't necessarily happen consecutively, that there are periods where forgetting can occur. On most occasions forget simulates 1, 2 or 3 forget requests. An example of a student's performance file will illustrate this (see Figure 8) .
A random number called forget is generated representing all factors that could influence forgetting at a particular moment in time. As stated before, no effort, at the moment, has been made to base this on any particular learning model. This will come later.
It was decided that the final forgetRate used to simulate forgetting within the student would be dependent on the value of longTermLearn -the long term learning characteristics of the student. For example the above average student would be assumed to forget less than the below average student. So, a combination of influence between longTermLearn and the random forget value was used as linguistic variables into a fuzzy rule structure and the final forgetRate defuzzified out. This forgetRate was then used to arrive at the forget activity shown in the above table.
The first step in calculating the improvement in learning that results when the "virtual" student is requested to learn by the experimenter", is to calculate a variable called "level number". The result is a value from 1 to 5. The lower the number the greater the improvement will be. Level number is calculated by a fuzzy combination of the linguistic variables longTermLearn and concentration.
The improvement in learning that results when the "Virtual" student is requested to learn by the "experimenter" is determined by a fuzzy combination of the linguistic variables longTermLearn and concentration. The value of longTermLearn was calculated when the "virtual" student model was first created by the "experimenter".
Concentration was calculated by using fuzzy logic with linguistic variables longTermLearn, motivation and intensity. LongTermLearn we've explained previously. Once again it is assumed that the better the student, the better he will be able to concentrate. Motivation is a variable that represents all those factors that would influence a student's ability to concentration. Intensity is based on how intense the activity is and is based on intensity of practice and intensity of problem. Intensity of practice and problem are determined randomly and represent respectively how long the learning activity was and how hard the problems were.
Intensity was calculated using fuzzy logic with linguistic variables of intensity of practice and intensity of problem.
The level number that emerges from these fuzzy structures is used to determine the amount of improvement that has occurred.
Future work will be to use the "virtual" student model inside an agent of the intelligent learning system called the "optimiser". Also once the basic idea of the intelligent learning system has been provedwork will be done on the "virtual" student model to reflect current learning and teaching theory.
CONCLUSIONS
Experiments were conducted to test WITNeSS in its ability to optimally decide on "which" learning material to present to students and "how", so that the students experience maximum learning. Each ITS was tried out on students, the learning results recorded and analysed, and a comparison between the two learning systems made. The problem arose whereby it wouldn't be possible to organize "human" students for the experiments. This was due to time constraints and the time of the year. The question became, to create "virtual" students that could simulate certain human learning behaviour, so a student object has been created. The concept of "virtual" student is a key concept for ITS testing and its further development. 
